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ABSTRACT

Using agent-based simulations to model and understand
social media platforms is a growing area of research.
However, these models need to simulate more realistic
population sizes and inter-agent connections to accu-
rately capture the complex dynamics of the real system
and be trusted to inform policy-making. This paper
accelerates an agent-based simulation of X, previously
known as Twitter. Accelerating agent-based simulations
is challenging because the interactions between agents
are unpredictable, the progress of simulated time must
be respected, and the models have heterogeneous activ-
ity levels in time and space. The contributions of this
paper are: (1) To develop a multi-core CPU implemen-
tation of an agent-based simulation of a social network,
that can simulate inter-agent connections at the actual
scale seen on X. (2) Port the function that controls agent
actions and interactions in each timestep to GPU code
using CUDA. (3) Benchmark the performance of the
GPU and multi-core CPU implementations against a
single-core CPU implementation. The GPU accelera-
tion achieves up to a 180-fold speed-up compared to the
single-threaded CPU implementation.

INTRODUCTION

There is growing research into using agent-based simula-
tions to model and understand social media platforms.
The models treat each individual user as an agent in
a simulated social network and can capture the real-
istic dynamics of information propagation through the
network over time. This can help with understanding
how information spreads on different platforms (Murié
et al. (2022)), evaluating the effectiveness of misinforma-
tion countermeasures (Gausen et al. (2021)), and under-
standing the impact of changing recommendation objec-
tives (Gausen et al. (2022)).

These models have significant potential for policy-
making and evaluation of social media platforms, which
is a growing area of importance (UK Government

(2023)). However, for these models to accurately cap-
ture the complex dynamics of the real system and be
trusted for informing policies, they need to be able to
model populations of agents and, importantly, inter-
agent connections at a scale comparable to real so-
cial media platforms. However, agent-based simulations
are computationally demanding (Fain and Dobrovolny
(2022)) and require intensive memory access (Guo et al.
(2020)).

The aim of this paper is to accelerate an agent-based
simulation of a social media platform based on X, previ-
ously known as Twitter. The motivation behind this is
twofold. Firstly, to decrease the time taken for a simu-
lation to run. Faster runtimes will make more granular
calibration processes feasible as these processes require
the simulation to be run thousands of times. This will
lead to model parameters that better fit the data. Sec-
ondly, to enable larger scale simulations both in terms
of population size and inter-agent connections. Real-
istic sized inter-agent connections are extremely impor-
tant when when modelling social media platform as they
are a driving force behind information propagation and
the recommendation algorithm behaviour (Hesam et al.
(2021)). This will unlock the potential of these simula-
tions for policy-making and decision-making.

This paper describes acceleration of a model published
by Gausen et al. (2022), which ran simulations of 1,000
agents with 100 connections. There are a number of
challenges associated with accelerating this model:

1. The interactions between agents are dynamic and
unpredictable leading to high data transfer over-
heads.

2. The progress of simulated time must be respected,
which constrains parallel execution and limits par-
allelisation.

3. The model is heterogeneous in time and space, mak-
ing distribution of the workload challenging.

We attempt to address these challenges with our acceler-
ations. Firstly, we cap the maximum number of neigh-
bors to prevent over-allocation of pre-allocated mem-
ory. Secondly, we fix neighbors’ states and attributes
at the beginning of each timestep to minimize mem-
ory allocation and enable full parallelization of agents



within a timestep. Thirdly, we implement both multi-
threaded CPU and GPU acceleration to compare their
performance with the uneven distribution of workload
and random memory access.

In this paper we implement two hardware accelerations.
Different types of hardware are suited to different tasks
and overcome different challenges. Tasks that have un-
predictable data access or are sequential in logic are
more suited to CPUs, whilst tasks with very fine grained
parallelism are better suited to GPUs, which have highly
parallelised architectures (Xiao et al. (2019)). There-
fore, we implement both a multi-core CPU acceleration
and a GPU acceleration, then compare these to a bench-
mark of a single-core CPU implementation. The contri-
butions of this paper include the following:

1. Develop a multi-core CPU implementation of an
agent-based simulation of a social media platform,
based on Gausen et al. (2022). This can simulate
inter-agent connections at the actual scale seen on
X.

2. Port the function that controls agent actions and
interactions in each timestep to GPU code using
CUDA, as this is the most computationally de-
manding part of the simulation.

3. Benchmark the performance of the GPU and multi-
core CPU implementations against a single-core
CPU implementation. = The GPU acceleration
achieves a highest speed up of approximately 180
times, compared to this benchmark.

BACKGROUND AND RELATED WORK

In this paper we will consider parallel computing in rela-
tion to agent-based simulation. Agent-based simulations
can be applied to many domains including epidemiol-
ogy (Li and Giabbanelli (2021)), transport (Jing et al.
(2020)), and social networks (Gausen et al. (2021)). The
main characteristics of these simulations is that they are
made up of populations of autonomous agents that have
simplistic behaviours on the micro-scale but when they
interact more complex phenomena emerge at the macro-
scale, also known as emergent behaviour.

Agent-based simulations are computationally demand-
ing and well placed for parallel computing techniques.
They are structured well for parallelisation: they con-
tain many independent agents and they are often
timestepped so that agents update within each timestep,
providing independence within each timestep and the
potential for parallel execution (Xiao et al. (2019)).
There is existing research on accelerating agent-based
simulations with hardware. However, the general frame-
works, such as FLAME GPU (Richmond et al. (2023))
and MASS CUDA (Kosiachenko et al. (2019)), are not
designed to support simulating a recommendation algo-
rithm that mediates inter-agent communication. Based

on our review, there are no existing hardware acceler-
ations of agent-based simulations of social media plat-
forms that include the recommendation algorithm. This
is a crucial aspect of the system when modelling social
media platforms like X.

There are a number of challenges for acceleration of
agent-based simulation due to their characteristics (Xiao
et al. (2019)): (1) There is a high interactivity. Due
to the agents’ interactivity there is often frequent data
transfers among hardware devices to capture inter-agent
communication resulting in large overheads. This in-
teraction is usually dynamic and unpredictable, lead-
ing to random memory access. This is challenging for
accelerators that prefer regular, linear memory access.
(2) Simulated time is a central feature of agent-based
simulation. This can limit parallelism as it puts con-
straints on the parallel execution in order to maintain
the progress of the simulation in a way that respects
the synchronisation of agent data at each timestep. (3)
There is a high degree of heterogenity within the models
(Crooks and Heppenstall (2011)). The agents act and
interact based on their individual attributes, internal
states, neighbours’ attributes, and the current environ-
ment. This means that there is heterogenity in time and
space. At some points in simulated time there may be
regions of the network with little activity and therefore
low computational demands, whilst other regions are
highly active. This results in the hardware challenge of
dividing the simulation workload across processing ele-
ments.

In this paper we will focus on two approaches to paral-
lel computing: Multi-Core CPUs and GPUs. Multi-core
CPUs are adept at handling complex logic and branch-
ing, such as complex intra-agent interaction rules. They
are able to execute mostly unchanged parallelised C++
code. There are a number of agent-based simulation
frameworks for parallelized execution on CPU-based
environments e.g. Repast-HPC (Collier and North
(2011)). In addition, CPUs are generally better suited
to tasks with large amounts of random memory access
than GPUs due to their cache architecture.

Graphical Processing Units (GPUs) have smaller cores
with highly parallel architecture. For settings where
large amounts of data can be processed in parallel,
GPUs have an advantage over CPUs. In the case of
agent-based simulation, they are effective if agent rules
are uniform, interactions are local, and agent actions
can be parallelised. There are frameworks and libraries,
such as CUDA (Nividia Coorporation (2024)), OpenCL,
and Thrust (Bell and Hoberock (2012)), that make de-
velopment simpler than Field Programmable Gate Ar-
rays (FPGAs) (Escobar et al. (2015)). However, the
programming model is more restrictive than CPU and
it requires a deeper understanding of GPU architecture
due to the programming model and the complexity in
hardware configuration (Was et al. (2015)). One of
the biggest challenges is memory intensive tasks and



Table 1: Table showing the percentage of time taken
for each process within the simulation where (A) Graph
Initialization; (B) Agent Initialization; (C) Agent Step
Function; (D) Post-processing. These results were gen-
erated with the single core CPU implementation with
population = 50,000, average agent connections = 700
and timesteps = 100.

Process A B C D
Time (%) | 11.58 | 0.35 | 86.53 | 1.54

tasks with complex data dependencies. Memory man-
agement between CPU and GPU can introduce bottle-
necks. In this paper, we accelerate the agent-based sim-
ulation with both a multi-core CPU implementation and
a GPU-based implementation. These two approaches
enables us to compare the performance between them
under different run configurations.

IMPLEMENTATION

In this section, we present details of our implementation,
including descriptions of the agent-based simulation and
the two implemented accelerations.

The Agent-based Simulation of a Social Media
Platform

The agent-based simulation used in this paper is simu-
lating a social network, X, and is based the model pre-
sented by Gausen et al. (2022). Here we will outline
the core logic of the agent-based model in a sequen-
tial manner, as the parallelised implementations will be
discussed in the following sections. In this model, the
agents represent social media users and they are con-
nected to other users in the network. A set of proba-
bilities determine the users’ behaviour: (1) Probability
that an agent is online in a given timestep Popjine- (2)
Probability that the agent retweets a tweet they view
Proshare- (3) Probability that an agent rejects a tweet
they view and will not retweet it now or in the future
Phgject- For more information on how the agent-based
simulation operates, see Algorithm 1.

For this simulation there are three key problem-space
parameters that significantly influence runtime: num-
ber of agents, average number of connections between
agents, and number of simulated timesteps. The most
compute-intensive operation is the simulation of the
AgentStep function. For a population size of 50,000,
agent connections of 700 and 100 timesteps, this takes
approximately 86% of the total runtime, as shown in
Table 1. In the AgentStep function, an agent interacts
with other agents’ posts through viewing their simulated
newsfeed. This requires the model to access data from
all other agents that an agent is connected to (Hesam
et al. (2021)). This action is parallelizable within a given

Algorithm 1 Agent-Based Simulation Overview

1: Read in parameters: population, node degree,
timesteps, probabilities
Initialize graph
Initialize agent attributes and states
Simulated timesteps:
for each timestep do
for each agent do
procedure AGENTSTEP(agent, t)
if agent is online then
AgentPost?
GenerateNewsfeed (neighbors, Nposts)
Agent views top Nposts posts
12: AgentRetweet?
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13: Post-processing simulation results

timestep, assuming that the agent only needs informa-
tion about neighboring agents based on their state at the
start of each timestep. This assumption is realistic when
a timestep represents a small unit of time. This paper
alms to accelerate this operation using parallel comput-
ing hardware, specifically through implementations on
both multi-core CPUs and GPUs.

Multi-Core CPU Implementation

The first acceleration that was implemented was a multi-
core CPU implementation. In this case, we applied
multi-core parallelisation across all agents within each
timestep. Reflecting on Algorithm 1, for each timestep
(line 5) the agents are distributed across Nipreads threads
on the CPU. In the CPU implementation, for each
timestep, the threads are created. Then a number of
agents are allocated to each thread. The threads run in
parallel. In each thread, each agent is run in sequence.
For each agent, the AgentStep function is run which
simulates the agent’s actions in that timestep, including
viewing their simulated newsfeed or retweeting. Figure
1 outlines the thread allocation and logic for this multi-
core CPU implementation.

GPU Implementation

The second acceleration that was implemented was a
GPU implementation. For this implementation, we
ported the parallelisation across all agents within each
timestep to GPU using CUDA. CUDA is the NVIDIA
developed general-purpose parallel computing architec-
ture (Falk et al. (2011)). A novel aspect of this imple-
mentation is the GPU function that models the recom-
mendation algorithm behaviour in each timestep. Pre-
vious papers model agent communication (Richmond
et al. (2023)), but they cannot model inter-agent com-
munication that is mediated through a recommendation
algorithm. Figure 2 illustrates the implementation, in-
cluding the logic of each thread and how these threads
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Figure 1: Figure showing the Multi-Core CPU imple-
mentation including thread allocation and logic.

are mapped to hardware units (Host/Device). After the
graph and agent initialization occur on the CPU (Host),
the memory allocation and initialization for GPU re-
sources are completed before the timestep loop. The
maximum size of a thread block (d) is 1024 (Falk et al.
(2011)). The kernel configuration for this paper was set
as number of threads per a block d = 512 and the num-
ber of blocks per a grid (B) is set to dynamically change
with population size Npop, see Equation (1). This is
necessary because each agent requires a corresponding
thread in order to be processed.

B = (Npop +d —1)/d; (1)

Within the timestep loop, the CUDA kernel is launched.
On the GPU, a thread is allocated to each agent to carry
out the sequential logic within the AgentStep function.
After launching the kernel for each timestep, the CPU
waits for the GPU to finish executing the kernel. Results
from the GPU tracking the information propagation and
states of each agent within a timestep are copied back to
the host (CPU) memory after each timestep. Once all
timesteps have completed, the GPU is cleaned up and
the post-processing occurs on the host.

There are some specific challenges when implementing
agent-based simulations on GPUs due to their archi-
tecture and memory limitations, as outlined in previ-

ous sections. Firstly, the interactions between agents
are dynamic and unpredictable. This means that the
simulation requires frequent, dynamic memory alloca-
tion, which can lead to bottlenecks and high data trans-
fer overheads. In addition, getting information from
neighboring agents can be inefficient on GPUs because
neighbours may be located anywhere in the global mem-
ory. In the case of social media, the number of inter-
agent connections can be high. On X, users have over
700 followers on average (Aslam (2024)). Secondly, the
progress of simulated time usually must be respected, as
with this implementation. This constrains parallel exe-
cution and limits parallelisation. Thirdly, the simulation
can be heterogeneous in time and space, as with this im-
plementation. In addition, within a kernel, agents can
have differing rules of behaviour with different execu-
tion paths. This can lead to thread divergence. These
challenges require careful consideration.

In our implementation we made a number of design
decisions to approach these challenges. We make the
assumption that within a timestep neighbors’ states
and attributes are fixed at the values at the start of
the timestep. This assumption holds true for small
timesteps and has two benefits. It minimises the fre-
quency of memory allocation and enables agents to be
run independently on the kernel, so it can be fully par-
allelised within a timestep. We limit the maximum
number of neighbors to 1,000, to not over allocate pre-
allocated memory for neighbouring agents and providing
an upper limit on the search process. This number was
chosen as only 0.06% of X users have a followership over
1,000 on X (Lucas (2024)).

EVALUATION

This section will cover the empirical evaluation, includ-
ing the benchmarking of results, experimentatal set up,
the results of the CPU implementation, and the results
of the GPU implementation.

Benchmarking

The multi-core CPU and GPU results are benchmarked
against a single core CPU implementation (N¢preads =
1). The performance is benchmarked using time, which
is measured the same way in the benchmark, the multi-
core CPU, and the GPU implementations, using the
standard C++ toolbox. The time compared is the
simulation time only. This does not include the pre-
processing, such as graph initialisation, or the post pro-
cessing, as these are independent of a simulation run
and can be carried out in many different ways.

We are accelerating a specific model, so it is not possi-
ble to use existing published hardware accelerations as
a benchmark. However, the results can be compared
to the runtime of the non-accelerated model, developed
using the MESA framework, published by Gausen et al.
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Figure 2: Figure showing GPU implementation, including the logic of each thread and how these threads are mapped

to hardware units (Host/Device).

(2022).

In order to reproduce the simulation on different hard-
ware platforms, we used the same random seed in the
simulations and compared the results. As the random
number generators vary on CPU and GPU, we manu-
ally defined a set of random numbers for the simulation
and compared the outputs of the macro-level informa-
tion propagation. In addition, we directly followed the
interactions for specific agents. We then varied the set of
random numbers to ensure the behaviour was the same
under different conditions.

Experimental Set-Up

The experiments were run with population size vary-
ing from 10,000 to 50,000 for the multi-core CPU and
GPU implementation. This enables performance to be
measured as population increases. For all experiments,
the node degree value was fixed with an average of
700 (Aslam (2024)) and a maximum of 1,000 (Lucas
(2024)). These values represent the actual scale of fol-
lower /followee numbers seen on the real platform being
modelled, X.

Two servers with NVIDIA graphics cards are used in the
evaluation:

e Server A comes with a 13th Gen Intel Core i3-
13100F 4-core processor (8 threads, 4.5 GHz max
frequency), with 32 GB of DDR4 memory. This
server is equipped with a NVIDIA GeForce RTX
4090 graphics card with 24 GB of GDDR6X mem-
ory. Compilation were done with g+-+ (release
Ubuntu 11.4.0-1ubuntul 22.04) and CUDA compi-

lation tools (release 12,4, V12.4.99).

e Server B is equipped with an AMD Ryzen 7 PRO
3700 8-core processor (16 threads, 8 cores 4.43
GHz max frequency), with 32 GB of DDR4 mem-
ory. This server has a GeForce GTX 1660 SU-
PER graphics card with 6 GB of GDDR6 mem-
ory. Compilation were done with g+-+ (release
Ubuntu 11.4.0-1ubuntul 22.04) and CUDA compi-
lation tools (release 12,4, V12.4.131).

Given that the AMD Ryzen 7 PRO 3700 processor on
Server B offers significantly higher multi-core perfor-
mance compared to the Intel Core i3-13100F processor
on Server A, we use only Server B to evaluate the multi-
core CPU implementation.

Multi-Core CPU Results

The non-accelerated model published by Gausen et al.
(2022) has a runtime of 19.09s for a population size
of 1,000 and an average node degree of 100. The
single-thread CPU runtime with the same parameters
is 0.074s, achieving a 259-fold speed-up. In addition,
the population size and node degree improvements of
50 times and 7 times, respectively, show a significant
advancement. Particularly node degree, as the acceler-
ated model model can simulate inter-agent connections
at the actual scale seen on X.

Table 2 provides the actual simulation runtime values
in milliseconds for both the CPU and GPU implemen-
tation. The results in Table 2 show that as the popula-
tion size increases, the runtime increases proportionally.



Table 2: Table showing how the simulation runtime
changes with population size and number of CPU
threads (N), for the CPU (server B) and GPU imple-
mentation (server A).

Population | N | CPU (ms) | GPU (ms)
10000 1 17908.30 252.10
20000 1 | 35600.10 308.96
30000 1 53870.50 371.52
40000 1 71733.70 433.30
50000 1 | 88815.30 488.45
10000 2 | 9552.62 252.10
20000 2 18659.30 308.96
30000 2 | 28510.70 371.52
40000 2 | 37736.60 433.30
50000 2 | 47049.90 488.45
10000 4 | 5467.70 252.10
20000 4 | 10604.50 308.96
30000 4 | 15785.90 371.52
40000 4 | 20969.00 433.30
50000 4 | 26504.10 488.45
10000 8 | 3373.82 252.10
20000 8 | 6625.96 308.96
30000 8 | 9834.58 371.52
40000 8 13128.80 433.30
50000 8 16457.80 488.45

This highlights how sensitive the simulation runtime is
to the number of agents.

Figure 3 presents how the performance, in terms of run-
time, of the CPU implementation changes with popula-
tion size and number of threads. The x-axis shows the
population size, which ranges from 10,000 to 50,000,
and the y-axis shows the speed-up, which is speed in-
crease compared to the single-thread CPU run for each
population size and number of threads. Figure 3 shows
that the simulation runtime decreases as the number
of threads increases in the multi-core implementations,
for a given population size. Increasing the number of
threads from 1 to 8 results in above a 5-fold speed-up.
Whilst this is an improvement, it still motivates the need
for further acceleration through the GPU implementa-
tion.

GPU Results

Figure 4 presents how the performance, in terms of run-
time, of the GPU implementation changes with pop-
ulation size. The x-axis shows the number of agents
simulated, which ranges from 5,000 to 50,000, and the
y-axis shows the normalised performance, which is the
run time normalised by the runtime for a population size
of 5,000. The figure shows that as the population size
increases, the runtime increases linearly. The one ex-
ception to this is when the population is its lowest level,
at 5,000. This indicates that at low populations, where
the runtime is lower, setting up the device may be a
bigger proportion of the overall runtime and, therefore,
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Figure 3: Figure showing how the runtime changes with
population size and number of threads, for the CPU
Implementation.
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Figure 4: Figure showing how the runtime changes with
population size, for the GPU implementation on server
A. The y-axis shows the normalised performance, which
is the run time normalised by the runtime for a popula-
tion size of 5,000

dominate.

Figure 5 compares the performance of the GPU imple-
mentation to the multi-core CPU implementation, for
different numbers of threads and population sizes. The
results show that the GPU implementation running on
the GeForce RTX 4090 achieves up to a 180-fold speed-
up compared to the single-threaded CPU implementa-
tion, marking a significant improvement. Additionally,
the GPU implementation on the GeForce GTX 1660 SU-
PER achieves up to a 20-fold speed-up compared to the
single-threaded CPU implementation. As the number of
CPU threads increases, the speed-up reduces. However,
for a population size of 50,000, the GPU performance is
still over 30 times higher than the 8-thread CPU imple-
mentation for the GeForce RTX 4090. The figure also
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Figure 5: Speed-up of the GPU implementation compared to the multi-threaded CPU implementation

shows that as the population size increases, the speed-up
of the GPU implementation increases. This is due to the
enhanced parallelization offered by GPUs, which can be
leveraged as the population grows, allowing the code to
be parallelized across the population in each timestep.
In terms of the trend of the ratio between the GPU and
CPU performance, as the population increases the per-
formance ratio increases but is also plateauing. This in-
dicates that there will be a maximum performance ratio
that can be achieved by the GPU implementation. This
performance ratio plateau will depend on the experi-
mental set-up. On Server B, this plateau was reached
at a population size of 30, 000.

CONCLUSION AND FUTURE WORK

The aim of this paper is to accelerate an agent-based
simulation of a social media platform, based on Gausen
et al. (2022). This is motivated by the needed to sim-
ulate more realistic populations of agents and numbers
of inter-agents connections. This will help unlock the
potential of agent-based simulations for policy-making
and decision-making around social media platforms.

This paper presents two approaches to acceleration. The
single core CPU implementation enables the model to
be run for 50 times larger population sizes and achieves
a 256-fold speed up compared to the previously pub-
lished non-accelerated implementation (Gausen et al.
(2022)). The accelerated model is also able to simulate
realistic scaled follower/followee relationships based on
X. The multi-core CPU implementation achieves over
5-fold speed-up when comparing 8 threads to the single-
core CPU benchmark. The GPU implementation pro-
vides further acceleration. This achieves up to a 180-
fold speed-up, compared to the single-core CPU bench-

mark on Server A. These results present considerable
advancement both in the scale of the simulations and
their performance.

There are a number of directions for future work.
Firstly, the accelerated simulation should be run within
a full pipeline which includes calibration to estimate the
time savings of the speed-up. Secondly, the agent-based
simulation could be accelerated with different hardware,
such as FPGAs, for performance comparison. Thirdly,
the agent-based simulation is modelling the social me-
dia platform X. Future work could extend this model to
generalise to other platforms.
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